In this evidence-based practice paper, the relationship between assessment design guided by learning style preferences and student performance in a programming course is investigated. One of the National Academy of Engineering's 14 Grand Challenges for Engineering is to tailor and differentiate instruction to improve the reliability of learning. A manner in which this differentiation may be accomplished is through attention to the various preferences and styles by which students learn. As such, the purpose of this paper is to present evidence on the effect of formative assessment design on student performance, and whether this effect varies by student learning style. The results from this study can be used by engineering educators to either diversify or personalize their assessment style.
Introduction / Statement of Problem
Colleges and schools of engineering award approximately 22,000 mechanical engineering bachelor's degrees each year, yet only 12% of these degrees are awarded to women (NSF 2015) . This percentage increased significantly between 1970 and the mid-1980s, but has remained stagnant since then. Racial diversity also remains a concern; the National Science Foundation reports that, in 2013, 4% of all engineering bachelor's degrees awarded to Black and African American students, and 9% of all engineering bachelor's degrees awarded to Latina/o students (Landivar 2013) , demonstrating the persistent underrepresentation of people from these racial and ethnic groups in the field. Very little research has examined the experience of being LGBTQIQ in STEM, though one analysis demonstrated that lesbian, gay, bisexual, and queer students are less likely to be retained in STEM undergraduate programs after four years than their heterosexual peers (Hughes 2016) . In summary, engineering, and particularly mechanical engineering, does not reflect the diversity of the nation: the demographic composition of mechanical engineers should resemble the diversity of the population these engineers serve. We will do that best when we are properly representing a broad perspective, and gender, racial, gender identity, and sexual identity are only a few ways to define and assess our representativeness.
One of the challenges facing engineering educators aiming to diversify the field is the pervasiveness of teaching practices that place students from diverse backgrounds at a disadvantage. Faculty in the sciences and engineering who teach introductory courses specifically, but to some extent upper-level disciplinary courses as well, frequently replicate the pedagogies used when they were students, practices that emphasize passive learning (lecture) and competition among students for course grades (norm-reference grading) aimed at "weeding out" underperformers as opposed to cultivating the talents of all students who aspire to engineering careers (Gasiewski, Eagan et al. 2012) . The National Academy of Engineering recognized this issue as part of its 14 Grand Challenges for Engineering with the inclusion of tailoring and differentiating instruction to improve the reliability of learning (National Academy of Engineering 2017).
The purpose of this study was to examine the effect of varying the design of formative assessments in a programming course on student academic performance, using the FelderSoloman learning styles model (Felder and Soloman n.d.) as a heuristic guiding assessment construction. The lead author had observed in her courses that students prefer to learn using a diversity of learning styles, but that assessments were traditionally constructed in a manner that favored a narrow range of styles. Our conjecture is that varying the manner in which these formative assessments were constructed could affect student learning in beneficial ways. Therefore, this led to the following research question: how might the design of formative assessments in a programming class affect student performance? Specifically, does varying assessment design along each dimension of the Felder-Soloman learning style model affect student performance on those assessments? Second, does controlling for individual students' learning style preferences account for this effect, suggesting that students learn better when assessments align with their style preferences? We hypothesize that altering the construction of formative assessments will affect student learning, as measured through performance on the assessment, but that the interaction between individual style preference and assessment design will not be significant given the lack of evidence supporting the relationship between learning style preference and learning.
Background
Several different learning style models have been developed to describe differences among students in terms of effective learning strategies (Dunn and Dunn 1975 , Gregorc 1979 , Fleming 2001 , Kolb and Kolb 2005 in additional to personality type models and cognitive style models. These models have been fairly widely applied in practice, but often demonstrate inconsistent results when tested in research. This work is grounded in the Felder-Soloman learning style model Silverman 1988, Felder and Brent 2005, Felder and Soloman n.d.) , a model that was developed within engineering education and has been validated and widely used within the field (Van Zwanenberg, Wilkinson et al. 2000 , Zywno 2003 , Litzinger, Lee et al. 2005 , Hawk and Shah 2007 , Litzinger, Lee et al. 2007 ). The Felder and Soloman (n.d.) Index of Learning Styles (ILS) instrument was also chosen because it is web-based and convenient for the students to use. This model categorizes learning styles along four distinct dimensions: perception (sensing versus intuitive), input (visual versus verbal), processing (active versus reflective), and understanding (sequential versus global). Along each of these dimensions, students are categorized as having strong or neutral preference in each of these four learning style scales.
That said, the evidence supporting the use of learning style models to improve student learning through alignment of teaching methods with learning style preferences is inconsistent at best (Pashler, McDaniel et al. 2008 ). Pashler et al. found in their review that across studies that used an experimental design, most showed no relationship between student performance and learning style-based instruction when controlling for learning styles (Constantinidou and Baker 2002 , Massa and Mayer 2006 , Cook, Thompson et al. 2009 ). They concluded that the use of these assessments in practice is likely a waste of resources, though solely based on the "meshing," or alignment of teaching with learning style preference, hypothesis at the center of their review. However, a reason these learning style models are popular among faculty is they provide a heuristic basis for varying teaching methods, such as in-class activities, assignments, and assessments. No research has been conducted to demonstrate increased student performance as a result of application of the Felder and Soloman (n.d.) learning styles model to teaching, but other models have demonstrated evidence of improved performance (Kolb 1984, Brokaw and Merz 2000) . One study in particular examined the effect of designing formative assessments to favor different learning styles (Wang, Wang et al. 2006) . Both learning style and formative assessment strategy significantly affected student achievement, though, consistent with Pashler et al.'s conclusion, the interaction between these factors was not significant. Additionally, as this study was performed with a web-based middle-school biology course, a gap remains with regard to undergraduate engineering education.
As the primary motivation for this study is increasing the diversity of the engineering graduates that colleges and universities prepare for the workforce, some evidence demonstrates that varying teaching approaches to favor a multitude of learning styles may aid in achieving that particular end. A validation study of the Felder and Soloman (n.d.) ILS found that female engineering students tended to be more sequential, more sensing, and less visual than male engineering students (Litzinger, Lee et al. 2005) . Little research has been performed to determine whether learning style preferences differ for college students by race (Claxton and Murrell 1987) , although one study demonstrated Native American students preferred visual (vs. verbal) and written (vs. oral) compared to nonnative students (Haukoos and Satterfield 1986) . Research at the K-12 level shows that minority populations definitely do have different learning style patterns than the dominant White, American culture (Dunn, Gemake et al. 1990 ). The number of students of color and women in this study was too small to test these differences directly, and represents an important future direction for this work.
Sample Description
This study takes place in a mid-size, public university in the western United States. The sample for this study includes approximately 123 mechanical engineering undergraduate students across four sections of a required programming course in MATLAB, taught by the same instructor. The effectiveness of the overall course design is discussed in previous work (Reckinger 2014 , Reckinger 2016 . At its highest, enrollment was at 169 students, however, over the course of the semester 46 students dropped the class. Of all the students who withdrew, 19 of the students withdrew before the first day of class, and the remaining withdrew at a constant rate until the drop deadline. Most students who withdrew did not participate in any or very few in-class activities. Of the 123 students who were enrolled in the class when final grades were posted, an additional five students were removed from the study due to low participation in-class activities. All five of the removed students had a final score in the class of <35%. The full demographics of the class can be found, broken down by section, in Appendix 1. The gender diversity in this course is slightly better than the national average of female's receiving a bachelor's degree in Mechanical Engineering. There are approximately 19.5% females who completed the class and were included in the study, the national average of females who receive bachelor's degrees in Mechanical Engineering is approximately 12% (NSF 2015).
Methods
The research question to answer is: how might the design of formative assessments in a programming class affect student performance? Specifically, does varying assessment design along each dimensions of Felder and Soloman (n.d.) learning style model affect student performance on those assessments? Second, does controlling for individual students' learning style preferences account for this effect, suggesting that students learn better when assessments align with their style preferences?
When interpreting student's learning style preference scores, they were grouped into three categories along each dimension. On each dimension, learners can receive a score of -11, -9, -7, -5, -3, -1, 1, 3, 5, 7, 9, or 11. Range (1) was designated as a strong preference for scores of +11, +9, +7, or +5. Range (3) was designated as a strong preference for scores of -11, -9, -7, or -5. Range (2) was designated as a neutral learner for scores -3, -1, 1, or 3. There were 31 active (1), 69 neutral (2), and 14 reflective (3) learners. There were 79 visual (1), 33 neutral (2), and 2 verbal (3) learners. There were 42 sequential (1), 60 neutral (2), and 12 global (3) learners. For each of the three dimensions, there were three different quiz styles constructed that correspond with the same three Styles (1, 2, and 3). In favor of brevity, this paper will not include the methods of how quizzes were constructed. In summary, Visual/Verbal and Sequential/Global quizzes were written differently. For the Active/Reflective quizzes, students took quizzes with partners under two different conditions and independently. They were not partnered randomly, they were partnered by course grade. They were also partnered in a way that resulted in a good distribution of mixed and matched learning style partner pairs.
This study used a quasi-experimental design, illustrated in Table 1 , for several reasons. For each quiz, the quiz construction varied across sections. Additionally, each section was administered all different quiz styles over the course of nine quizzes. According to Pashler, McDaniel et al. (2008) , four criteria need to be met in order for the study to be able to show style-based instruction is a significant factor in affecting student performance: (1) Learners must be divided into two or more groups; (2) Subjects within each learning style group must be randomly assigned to one of at least two different learning methods; (3) All subjects must be given the same test of achievement; (4) The results need to show that the learning method optimizes test performance of one learning style group is different than the learning method that optimizes the test performance of a second learning style group. The proposed method varies from this recommendation in three ways. First, students are not completely randomly assigned due to practical limitations of this classroom study. Second, engineering students do not have a huge diversity of learning styles, so some dimensions studied do not have adequate numbers of subjects to test. Third, the study is, by definition, studying the test of achievement. Therefore, all students are taking different formative assessment styles. 
Data Analysis
Statistical analysis was performed using IBM SPSS analysis software. Each set of learning style dimensions was tested separately through a series of analysis that controlled for increasing numbers of covariates to ensure robustness. After computing means for each section on each quiz, the differences among these means were tested using one-way and two-way analyses of variance (ANOVA) to determine if quiz scores varied significantly by the condition under which each quiz was administered. The one-way ANOVA tested the bivariate relationship between quiz scores and condition, to determine if they varied significantly by condition. The two-way ANOVA then used students' learning style preference, categorized into three groups (one style, middle, other style), as a second grouping variable, testing the hypothesis that learning style preference might explain variation in quiz scores by condition.
One limitation to running separate analyses for each quiz, however, is the fact that three quizzes were used to test each learning style dimension. As an alternative to running separate models and trying to account for confounding factors, three repeated-measures ANOVAs were also tested for each of the three learning style conditions utilized for this study. Repeated-measures ANOVA provides a more robust analysis in accounting for dependence among individual student scores across each condition, and accounts for differences in student performance among the three conditions. The limitation to running a repeated-measures ANOVA is that students took different quizzes under different conditions. To overcome this limitation, course section was included as a factor to account for differences among the sections, such as differences in quiz content as well as the inability to randomly assign students to sections. Scores were then treated as repeated measures, and quiz condition as well as learning style group were tested as factors.
ANOVAs were checked for violations of Levene's test for equality of variance, and the appropriate results are reported depending on whether variance was homoscedastic or heteroscedastic. The repeated-measures ANOVAs were checked for sphericity violations, and the appropriate results are reported depending on whether this assumption was violated. Fvalues, or the test statistic used to determine whether effects in ANOVA models are significant, are reported, along with the associated p-value. The α-level set for significant effects is 0.05, meaning a p-value of 0.05 or less is considered significant, a standard level used within social science research. In a few instances, marginal effects are reported that are close to significance (p<0.l0). For significant effects, effect sizes (ω 2 ) were computed for significant effects and are reported; 0.01, 0.06, and 0.14 indicate small, medium, and large effects (Kirk 1996) .
Results and Discussion

Visual Verbal Results
Quiz 4. Quiz scores for quiz 4 did not differ by quiz style, F(2, 106) = 3.029, p>0.05, though the effect was marginally significant (p=0.053). No effects were significant when learning style group was included in a two-way ANOVA: for quiz style, F(2, 103) = 0.249, p>0.05; for learning style group, F(1, 103) = 0.539, p>0.05; and for the interaction between style and preference, F(2, 103) = 0.915, p>0.05. This visual quiz construction incorporated a visual description of what the quiz task was, as well as using plots to visualize the results of the task. The verbal style quiz used neither of these visual techniques. One reason the quiz scores on the visual style quiz are not higher may be due to the fact that Sec. 4 took the visual style quiz and this section is an outlier.
Quiz 5. Quiz scores for quiz 5 also did not differ by style, F(2, 105) = 0.133, p>0.05. However, when learning style group was included in the two-way ANOVA, the interaction between learning style group and quiz style was significant, F(2, 102) = 5.440, p<0.01, ω 2 = 0.08, and this difference is depicted in the plot below. The effects for quiz style, F(2, 102) = 0.511, p>0.05, and learning style group, F(1, 102) = 1.297, p>0.05, were not significant in the second analysis.
Quiz 6. The effect of quiz style on quiz 6 scores was also not significant, F(2, 105) = 0.271, p>0.05. No effects were significant in the two-way ANOVA also accounting for learning style group: quiz style, F(2, 102) = 0.306, p>0.05; learning style group, F(1, 102) = 0.010, p>0.05; and interaction between style and preference, F(2, 102) = 0.186, p>0.05.
Repeated-measures ANOVA. The results of the repeated-measures ANOVA did not demonstrate a significant effect for quiz condition on quiz score, F(2, 190) = 2.604, p>0.05. However, both the interaction between section and quiz condition, F(6, 190) = 4.153, p<0.01, ω 2 = 0.02 (see Figure 1 , left), and between learning style preference and quiz condition, F(2, 190) = 4.170, p<0.05, ω 2 = 0.02 (see Figure 1 , right), were significant. One note on Sec. 3 results appearing quite different than the other sections in Figure 1 , right. Sec. 3 took the visual style quiz on the most difficult topic of the semester (Quiz 6), it has the lowest mean score in all sections except Section 2. This likely explains the low performance on the visual quiz for that section. The result in Figure 1 (left) further verifies what was seen in Quiz 5.
Figure 1-Estimated marginal means for all three quizzes grouped by quiz styles compared by section (left). -Estimated marginal means for all three quizzes grouped by quiz style compared by learning style preference (right).
Although the evidence is fairly inconsistent, students appear to score lower under the verbal condition than the other two conditions, and especially students who had a visual learning style preference. In other words, faculty might consider it worth adding visual items to assessments, as wholly verbal assessments seem to work to visual style students' detriment to some extent. The results do show, though, that the type and number of visual elements do appear to affect student performance. Since this was tested only over the course of three quizzes, another study will need to be conducted to further understand these effects. That said, without adequate numbers of verbal learners, we aren't able to assess if visual elements might hinder verbal student performance. The two verbal learners scored very high on all three quizzes, much higher than the mean (i.e. they scored 8.5 & 10 on visual, 8.5 & 9.5 on mixed, and 10 & 9 on verbal quizzes). This is nice to know that the visual elements on the quizzes are not obviously negatively impacting the most dominantly verbal learners. Other work (Thomas, Ratcliffe et al. 2002) in using the Felder Learning Style model in a programming class categorized students as either visual or verbal learners. They presented results on which type of learner performed better in the class and on the final exam. There results showed that verbal learners scored better.
Another study (Allert 2004 ) on learning style preferences and performance in a computer science class found the same result. The results from this study indicate that perhaps we should stop focusing on what type of students are performing best in our standard way of assessing and start focusing more on constructing our assessment so students can perform best.
Active/Reflective Results
Quiz 9. Quiz scores differed significantly by learning condition, F(2, 115) = 6.096, p<0.01, ω 2 = 0.08. A Bonferroni post hoc test revealed this difference was due to a significant difference between the mixed active/reflective condition (M = 6.93, SD = 2.33) and the reflective condition (M = 5.242, SD = 2.08), p<0.01. Students who took quiz 9 under the reflective condition performed worse than students who took the quiz under the mixed condition. Accounting for students' learning style preference, a two-way ANOVA demonstrated that quiz scores no longer differed by learning condition when learning style preference group was included in the analysis, F(2, 104) = 1.661, p>0.05. The main effect for learning style preference group, F(2, 104) = 0.476, p>0.05, and interaction between preference and condition, F(4, 104) = 0.791, p>0.05, were also not significant. When both preference and condition are included in the model, the effect is no longer present, which may suggest that preference helps explain the difference observed for condition.
Quiz 10. Scores on quiz 10 also differed significantly by learning condition, F(2, 115) = 7.646, p<0.01, ω 2 = 0.10. A Bonferroni post hoc test revealed this difference was due to a significant difference between the reflective condition (M = 3.45, SD = 1.75) and both the active (M = 4.55, SD = 1.52), p<0.05, and mixed active/reflective conditions (M = 5.19, SD = 2.49), p<0.01. These results were consistent with quiz 9, that students scored lower under the reflective learning condition. Results from a two-way ANOVA demonstrated quiz scores differed significantly by learning condition, F(2, 100) = 6.197, p<0.01, ω 2 = 0.08, and by learning style preference group, F(2, 100) = 3.820, p<0.05, ω 2 = 0.05. The interaction effect between condition and preference was not significant, however, F(4, 100) = 0.931, p>0.05. Bonferroni posthoc tests reveal that students performed significantly different under each of the three conditions. Students performed the highest under the mixed condition, lowest under the reflective condition, and in-between on the active condition. Additionally, reflective learners (M = 5.58, SD = 1.41) performed higher than active learners (M = 4.19, SD = 1.23), p<0.05, on quiz 10.
Quiz 11. The score on Quiz 11 also differed significantly by learning condition, F(2, 115) = 3.987, p<0.05, ω 2 = 0.05. A Bonferroni post hoc test revealed this difference was attributable to a significant difference between the active (M = 7.26, SD = 2.59) and reflective conditions (M = 5.76, SD = 2.36), p<0.05. Although the comparison group was different, students who took the quiz under the reflective condition scored lower than at least one other group for all three quizzes.
A two-way ANOVA revealed quiz scores continued to differ significantly by learning condition, F(2, 100) = 7.171, p<0.01, ω 2 = 0.10, with learning style preference included. The main effect for learning style preference, F(2, 100) = 0.925, p>0.05, and the interaction effect between preference and condition, F(4, 100) = 1.140, p>0.05, were not significant. A Bonferroni posthoc test confirmed the one-way ANOVA results: students who took the quiz under the reflective condition scored lower than students who took the quiz under the active condition, p<0.001. The posthoc test also revealed that, accounting for learning style preference group, students who took the quiz under the reflective condition also scored lower than students who took the quiz under the mixed condition (M = 7.12, SD = 1.75), p<0.05. 
Sequential/Global Results
Quiz 1. According to the results of the one-way ANOVA, scores on quiz 1 did not differ by quiz style, F(2, 115) = 2.870, p>0.05, though the effect was marginally significant (p=0.61). None of the effects were significant in the two-way ANOVA between quiz style and learning style group either: quiz style, F(2, 105) = 1.241, p>0.05; style group, F(2, 105) = 0.868, p>0.05; and the interaction between style and group, F(4, 105) = 0.447, p>0.05. It must be noted that the twoway ANOVA violated the assumption of homogeneity of variance, F(8, 105) = 4.446, p<0.001, but given the lack of significance of any effects in the model, the more robust tests recommended for this assumption violation would not have provided different results. Since this was the very first quiz of the semester, with a very high mean across all sections, this is likely the cause of no significance. The level of difficult on this quiz may have precluded any observational difference by learning style. 
Conclusions
The dominant learning style in the visual-verbal dimension among undergraduate engineering students is the visual dimension. Programming, in general, but programming assessment, in particular, is strongly verbally focused. The results in this work show that student performance on assessment will likely significantly improve if quiz construction is more visually focused. It is recommended that assessment design works to achieve visual descriptions or explanations of what is being asked for, but also guides students to solve the problem by requiring them to visualize their results. In programming, this can be most easily achieved by incorporating a plot into the solution of the problem, even when it does not appear necessary to understand the problem or algorithm. The results from this study indicate that it is possible to assess students on exactly the same concepts, but construct the assessment to better suit visual learners. This result likely extends to assessment throughout other engineering courses.
The dominant learning style in the active-reflective dimension among engineering students is the active dimension. In general, assessment is rarely active in almost any discipline, but particularly in engineering. This study shows that all students perform better on assessment when they are allowed to collaborate and actively discuss during the assessment period. While student performance on the assessment is highest when the students are given to freedom to choose to collaborate or not, observationally, student learning appears to be highest when students are required to collaborate on the assessment. It is important to point out that partner pairing certainly cannot be random. And further work is being done to understand if successful partner pairing can be predicted by properly mixing and matching learning style preferences among the pair. From the instructor's experience, pairing must always at least be based on GPA or course grade, however, this has not been quantitatively tested.
The dominant learning style in the sequential-global dimension among engineering students is the sequential dimension. For this course, the assessment has been traditionally written globally. Gradually, the instructor started designing the assessment in a more sequential manner and observationally it appeared to improve student performance and students indicated that they found it clearer and preferred it. This study was designed to quantitatively determine if this design did in fact improve student performance. The results were mostly inconclusive due to data limitations. The three quizzes that were selected to vary the sequential-global style were not consistent enough in level of difficulty. Survey results indicate that students prefer the sequential style and find it most clear. However, there were many interesting student comments that indicated that students found it easier to score higher on the sequential style quiz, but thought they learned more by struggling through the global quiz. Therefore, it could be that global style quizzes might be recommended for higher performing students and better learners, and sequential style quizzes might be recommended for lower performing students and novice learners.
Previous work has focused on categorizing learners who are most typically successful in an existing learning environments. In particular, there has been evidence that reflective and verbal learners are particularly successful academically. This work shows that those learners are still successful, but by adjusting assessment in lieu of the opposite dimensions (e.g. active and visual learners), all student performance improves. A final evaluation of all students' performance in this class showed that there was no significant difference in this class among any single learning style preference. In other words, reflective learners did not perform significantly better in the final course grade than active learners (same for the other two dimensions, as well). 
